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that the proposed method constantly makes its performance more precise and
stable, comparing to the single LDA with almost the same number of the model

parameters. The perplexity of the method remains decreasing until the total
D D D D D D D D |:| D |:| LDA D D D D D D D D number of latent topics reaches far larger than that of single LDA, whereas the
D |:| D |:| D D D D I:l D I:l D I:l D I:l D I:l perplexity of the single LDA turns to increase due to overfitting as the number

of latent topics is around 100. In particular, the proposed method significantly
reduces the trigram perplexity by combining with the topic-dependent unigram
probabilities. This paper also proposes a new evaluation measure i-PP suitable

O O O 1 O O O 12 O O O O 12 for evaluating a language model applied to predictive text entry. This measure,
2 2 which is an extended perplexity, indicates the average number of word choices
0 U 0 U f U 0 U 0 f when any length of phonetic (hiragana) substring is input. Evaluation with

this measure demonstrates that the proposed method decreases i-PP by the

same rate as the common perplexity until the substring length [ = 2, reducing
o0obooooo0do0oo0o0o0oo0ooO0ooo0obooooo0oo0o0o0 10 candidates with higher accuracy than the existing method.
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Fig.1 The language model integrating multiple LDA’s.
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Fig. 10 i-PP relative to topic-independent N-gram.
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Fig. 11 Perplexity with various numbers of the integrated models.
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Fig. 12 Perplexity with various numbers of the integrated models (2) — learned with half of the

learning data set.
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Fig. 14 Comparison between multiple-LDA and multiple-DM.
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